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Introduction
Since the seminal work of Kydland and Prescott (1982) a massive amount of research has been undertaken to better understand the links between technology shocks and business cycles. Likewise the path-breaking research of Romer (1986) and Lucas (1988) , stressing the roles of knowledge and human capital accumulation, has led to an enormous body of literature seeking to explain the determinants of endogenous growth.
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While the RBC and endogenous growth models differ with respect to their emphasis on the short-and long-run respectively, it is widely recognized that the former model can be viewed as special case of a similarly specified stochastic growth model. For example Jones (2005, p. 806.), using calibrated endogenous growth models, states "[t]he models we study have close analogues in the RBC literature, and hence are a natural first step when moving beyond the standard RBC model. In fact, we interpret the exogenous growth rate of productivity as an endogenous growth rate of human capital. This perspective allows us to compare the strengths of both classes of models using a large number of moments of the joint distribution of macroeconomic time series".
In this spirit and with the aim of better understanding the effects and importance of productivity shocks on business cycles, we econometrically estimate an endogenous growth model incorporating human capital accumulation as well as exogenous productivity shocks in the goods and human capital producing sectors.
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When adopting the human capital framework for our purposes, it is important to take into account that the literature has also emphasized the potential role of human capital externalities. This is typically achieved by allowing the return on the human capital of private agents to be increasing in the average stock of human capital in the economy (see e.g. Lucas (1988) , Azariadis and Drazen (1990) and Tamura (1991) ). The significance of externalities in this context is highlighted by Lucas (2002, p. 6) , "If ideas are the engine of growth and if an excess of social over private returns is an essential feature of the production of ideas, then we want to go out of our way to introduce external effects into growth theory, not to try to do without them".
1 See the review papers by King and Rebelo (1999) and Rebelo (2005) and references therein on the importance of technology shocks in the real business cycle model. See also Barro and Sala-i-Martin (2004) and Aghion and Howitt (1997) for references on the human capital model. 2 For recent contributions employing estimated RBC models to examine the effects of disaggregated productivity shocks, see Ireland and Schuh (2008) and Dejong and Ingram (2001) .
A vast amount of research has already been directed at quantifying the effect of human capital on growth. For example, studies using reduced-form cross-sectional country or panel regressions unequivocally find a significant link between average years of schooling and growth (see e.g., Barro and Salai-Martin (2004), Barro (2001 Barro ( , 1991 , de la Fuente and Domenech (2006)). Other research, based on estimates of the steady-state relationship between growth and human capital, also conclude that human capital contributes either directly or indirectly (via total factor productivity) to growth (see, e.g. Mankiw, Romer and Weil (1992) , Benhabib and Spiegel (1994) , Bils and Klenow (2000) and Temple (2001) ). In stark contrast there is a scarcity of papers which estimate the parameters of the equilibrium conditions in human capital based endogenous growth models. Moreover, to date, there is no significant evidence supporting the existence of aggregate externalities.
Perhaps the dearth of econometric evidence relating to estimates of the structural parameters in these models can be explained by the limited availability of quality human capital data and the previous technical difficulties associated with estimating dynamic stochastic general equilibrium (DSGE) models. However, recent advances in econometric methods and applications go quite some way to mitigating both of these problems. (2008) and Malley and Woitek (2009) provide successful illustrations of estimated RBC or exogenous growth models using both classical and Markov-Chain Monte-Carlo (MCMC) methods. Moreover, using the state-space representation to evaluate the model's likelihood function via the Kalman Filter, helps to avoid problematic measurement issues relating to the human capital data by treating it as an unobservable state variable.
In light of our objectives, we estimate the posterior density function of a prototypical two-sector endogenous growth model using U.S. quarterly data.
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Following the hybrid estimation approach of Ireland (2004) we use a firstorder vector autoregressive (VAR) model to describe the movements and comovements of the model's data not explained by the theory. Our estimated model then permits us, using forecast error decompositions, to evaluate the relative importance of total factor productivity (TFP) and human capital productivity in explaining aggregate fluctuations. In conjunction with an estimated RBC model we also assess whether the two-sector model or the RBC model better explains the observed variation in output, consumption, investment and hours and which model provides the best within sample fit. Finally we extract diagnostic information from non-technology shocks to suggest ways to improve the models' ability to capture the dynamics in the data. Addressing these issues using the framework outlined above, constitutes a new contribution to the ongoing literature and debate regarding the effects of innovations to productivity on macroeconomic activity.
Our main results are: (i) in the two-sector model, TFP shocks explain a greater share of output and consumption variation at shorter-forecast horizons whereas human capital productivity innovations dominate at longer ones; (ii) the combined explanatory power of the two technology shocks in the human capital model is greater than the Hicks-neutral shock in the RBC model in the medium-and long-term for output and consumption; (iii) the two-sector model provides a significantly better overall fit to the historical data; however (iv) the RBC model outperforms the human capital model with respect to explaining the observed variation in investment and hours.
Prototype endogenous growth model
In this section, we solve for the optimal decisions of households and firms relying on the Jones (2005), Lucas (1988) and Tamura (1991) setups. The engine of long-term growth in the Lucas and Tamura models is human capital accumulation in the presence of aggregate externalities. More specifically, externalities imply that the social stock of human capital increases the productivity of individuals' educational choices. The general equilibrium solution consists of a system of dynamic relations, which jointly specify the paths of output, consumption, physical capital, human capital growth, and the fractions of time allocated to work and education. Since the Lucas and Tamura models are well known and effectively represent the industry standard for this class of endogenous growth model (see, e.g. Klenow and Rodríguez-Clare (2005) for a review), the main purpose of this section is simply to fix ideas, notation and variable definitions which will be used in the estimation and analysis which follows.
To facilitate econometric estimation, our deliberately minimal deviations from the Lucas and Tamura setups include: (i) non-zero depreciation rates for human and physical capital; related to human capital investment via a time-varying stochastic productivity term instead of a constant one; and (iii) TFP is also time-varying and stochastic.
Households
The economy is populated by a large number of identical households indexed by the subscript h and identical firms indexed by the subscript f , where h, f = 1, 2, ..., N t . The population size, N t , evolves at a constant rate n ≥ 1, so that N t+1 = nN t , where N 0 is given. Each household's preferences are given by the following time-separable utility function:
where E 0 is the conditional expectations operator; C h t is consumption of household h at time t; and 0 < β < 1 is the discount rate. The instantaneous utility function is increasing, concave and satisfies the Inada conditions. We use the CRRA form for utility:
where, 1/σ (σ > 1) is the inter-temporal elasticity of substitution of consumption. Finally, each household receives dividends paid by firms, Π h t . Accordingly, the budget constraint of each household is:
Each household's physical and human evolve according to:
and to maximize (1) subject to (3)-(6), and initial conditions for the two capital stocks and the two productivity terms.
The familiar static optimality condition for consumption,
and states that the shadow price associated with (4), Λ a t , is equal to the marginal value of consumption at time t.
The Euler-relation for private physical capital, K h t+1 , is given by
and says that marginal cost of forgone consumption at time t is equal to the expected marginal benefit of discounted t + 1 returns derived from investing in one unit of physical capital at time t. 7 The Lucas (1988) physical and human capital relations maintain when δ k = δ h = 0 and B t = B and θ = 1. 8 The assumption that individual human capital accumulation is an increasing function of the per capita level of economy-wide human capital captures the idea that the existing know-how of the economy provides an external positive effect. Equivalently it can be thought of as a learning-by-doing effect as discussed in Romer (1986 (9) and implies that the shadow price associated with (6), Λ b t , is equal to the marginal value of education at time t. In other words, this value is equal to the ratio of the marginal cost to the marginal return to time spent in education.
The Euler-equation for private human capital, H h t+1 , is (10) and maintains that the marginal cost of forgone labor income at time t is equal to the marginal benefit of t + 1 returns to working plus the marginal t + 1 returns to investing in one unit of human capital at time t. 
Firm's problem
The resulting familiar first-order conditions state that the firm will hire labor until the marginal product of effective labor is equal to the wage rate, w t , and will rent capital until the marginal product of physical capital is equal to the rental rate, r t , i.e.
and
Finally note that, given the assumption of constant returns to scale in production at the firm level, factor payments exhaust the value of output, i.e.
, implying no economic profits are earned.
Decentralized competitive equilibrium (DCE)
The DCE is defined when (i) households and firms optimize, as above, taking prices and aggregate outcomes as given; (ii) all constraints are satisfied; and (iii) all markets clear, i.e.
Given the N t identical households at time period t and also N t identical firms, economy wide magnitudes are denoted
Since human capital is the engine of long-run endogenous growth, we transform variables to make them stationary, e.g. we first define per capita quantities for any variable X as
and then express these as shares of per capita human capital, e.g. x t ≡ X t /H t . Finally, the gross human capital growth rate is defined as γ t ≡ H t+1 /H t . Using this notation and substituting out prices, {r t , w t } ∞ t=0 , we obtain the following stationary DCE:
where λ a t and λ b t are the transformed shadow prices associated with (4) and (6) respectively in the household's problem. Therefore, the stationary DCE is summarized by the above system of seven equations in the paths of the following seven variables:
given the paths of the exogenously set stationary AR processes whose motion is defined below.
Processes for productivity
Given the above set-up, Hicks-neutral productivity, A t , and human capital productivity, B t , are stochastic. Following the usual practice in the RBC literature, 10 we assume that each follows an AR(1) process: .] an exogenous shock that shifts the efficiency with which hours are transformed into human capital. Examples of a negative shock are the creation of a new computer operating system that is more difficult to learn than the previous system and a decrease in funding for government-sponsored training programs. A positive shock could be a technological improvement in employee training methods".
Model solution
Following Klein (2000), we obtain the solution of the linearized stationary DCE 11 in state space form
where
x is the model-consistent steady-state value of x t ;ŷ t is the control variable; c t andû t are jump variables;k t is the state variable;â t andb t are the two exogenous processes;Z andT are matrices containing various convolutions of the model's parameter (see Appendix Table 1 ); andR t is a matrix of zeros and ones controlling two productivity shocks in the vector t+1 .
Econometric Setup
In this section, following Ireland (2004), we apply the hybrid approach to model estimation by adding VAR(1) measurement/specification errors to (17) .
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We calculate the model's likelihood function which requires application of the Kalman filter given that the human and physical capital stocks, both types of technology, and the measurement/specification errors are treated as unobservables.
VAR(1) setup
Adding an n-dimensional (where n refers to the number of measurement equations) VAR(1) error block
to (17) as in Ireland (2004) yields the following state-space representation
Kalman filter
For given initial estimates of the state vector, a 0 , i.e. a 0 = E (α 0 ) and the covariance matrix, P 0 , the filter consists of the following steps:
1. prediction step
2. updating step
where υ t are the model's forecast errors. The remaining vector and matrices have either been defined above or, in the case of F t and K t , are simply transformations of previously defined matrices. 
Likelihood function and estimation algorithm
We are now in a position to write the model's likelihood function as
where ψ is the vector of model parameters to be estimated. We estimate ψ using the random walk Metropolis-Hastings algorithm (see e.g., Chib and Greenberg (1995) ), setting the number of simulations to S = 100, 000 with a burn-in of 50, 000. We draw a new realization of ψ according to
where Ξ is the proposal variance-covariance matrix. A draw ψ 1 is accepted if
13 See Hamilton (1994) or Harvey (1992) for further details regarding the Kalman filter.
where p(ψ) is the prior distribution given in Table 1. 14 The priors regarding the supports for the uniform distributions of the model's parameters reflect non-sample information from: (i) the human capital model derived above; (ii) the empirical literature; (iii) technical considerations regarding the existence of a unique steady-state equilibrium as well as the saddle path stability of the dynamic system; and (iv) empirical considerations regarding the value of long-run human growth in the historical data. To help contextualize the quarterly rates used in Table 
Estimation results
In this section we start by discussing the data employed and the sampling procedures required to make them stationary. We then present the first two moments of the estimated posterior parameter distributions and numerical standard errors for each parameter. We finally turn to an assessment of the model's ability to explain the observed variation in the measured data, i.e. output, consumption, investment and hours. To this end, we undertake forecast error decompositions (FEDs) which allow us to split the contemporaneous and the k-step-ahead forecast error variances of the measured variables into the portions explained by the two technology shocks plus the innovations to the VAR(1) error system.
Data
To facilitate comparisons with recently estimated RBC models in the literature, we use the U.S. data set employed in Ireland (2004).
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These data are quarterly and include per capita output, per capita consumption and hours over the period 1948(1) to 2002 (2) . Note that output is defined as the sum of consumption and investment and all quantities are in real chained 1992$. The hours data refer to hours of wage and salary workers on private, nonfarm payrolls and the population series is the civilian, non-institutional population, age 16 and over.
Human capital
As discussed in section 2.3, the per capita non-stationary quantities in the model need to be normalized by human capital to be rendered stationary. Thus, given the measured data for output, consumption and hours, a starting parameter vector, ψ 0 , and a starting sequence H 0 t for the human capital stock, the data are de-trended and the parameter vector ψ is estimated concurrently as follows:
1. De-trend the non-stationary data (i.e. output and consumption) by H 0 t .
Using ψ 0
and the stationary data, a realization of the state vector α t = k tĉtêtâtbt , t = 0, . . . , T is generated in a multi-move Gibbs sampling step (see, Cater and Kohn (1994) and the Appendix for more details).
3. Recover the deviation of the growth rate of human capital from its steady-state value usinĝ
and calculate the growth rate of human capital from γ t =γ t + γ, t = 0, . . . , T using the state vector generated in step 2. 
7. Continue with step 1.
16 Note the expression for γ t can be deduced from the information supplied in the Appendix. Table 2 summarizes the estimated parameter distributions by reporting their means and standard deviations along with a measure of estimation accuracy based on numerical standard errors, N SE, (see, e.g. Geweke (1992)). If we start with the means of the posterior parameter distributions containing the largest prior support ranges, it's first interesting to observe that the value of the inter-temporal elasticity of substitution of consumption, 1 σ , is approximately 0.5. This value along with the special case of σ = 1 are often used in a variety of calibration studies. Second, the estimated posterior mean for, θ, suggests that the no externality case, θ = 1, is not supported by the data, despite allowing for this possibility in the prior (see Table 1 ). Third, the size of the autoregressive parameters in the two trend stationary technology processes are highly persistent. Moreover, the process for the human capital shock is far more persistent than the Hicks-neutral shock, e.g. its half-life is roughly 10 times higher.
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Posterior distributions of parameters
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If we next consider the remaining parameters not related to the VAR(1) errors, there are no surprises regarding the sizes of the means given our priors regarding the supports for the various distributions. However, it is interesting to note that the mean value of the variance of the Hicks-neutral technology process, σ a = 0.005, which is consistent with other estimates in the literature, is about half the size of the corresponding value for the human capital technology process, σ b = 0.01.
We finally turn to the spread of these distributions, which allows us to assess the degree of uncertainty associated with size of the means. In general, it appears that all the parameters, both structural and from the VAR(1) model of the errors, are quite concentrated. Moreover, examination of the numerical standard errors as a share of the absolute value of the means of the posteriors reveals that our estimates are generally very precise. Indeed they compare quite favorably with others estimated in the literature. The key results to emerge from the forecast error decompositions can be summarized as follows. First, both shocks generally do a better job at explaining the variance of the aggregates under consideration at longer versus shorter forecast horizons. This is mostly explained by the highly persistent nature of both technology shocks. Second, for horizons up to ten years, innovations to A t explain a relatively greater share of the variance of all variables than B t shocks (except for hours). Thus its seems that shocks which simultaneously affect capital and labor instead of labor only dominate at business cycle forecast ranges. Third, at very long horizons the explanatory power of B t is greater than A t shocks (except for investment). The dominance of B shocks in the long run, in addition to the suggestion above, will also explained by the facts that ρ b > ρ a and σ b > σ a . Fourth, and generally consistent with the RBC literature, the human capital model does not do a good job at explaining the variation in hours. 20 Finally, the uncertainty associated with all of the forecast error decompositions appears to be reasonably small based on the size of the inter-quartile ranges. This is expected given the tightness of the posterior parameter distributions. 
Forecast error decompositions
Model comparison
In this section, we test whether the human capital model or the RBC model are better able to explain the observed variation in output, consumption, investment and hours. We also compare the within sample fit of the competing models using the log-marginal likelihood difference test. To help explain the results of these tests we make use of information obtained from impulse response functions and further forecast error decompositions of the VAR (1) error block. The latter breaks out the relative contributions of each of the errors to explaining the measured data.
Estimation results RBC model
The RBC model that we test against is the industry standard Hansen (1985) model estimated in Ireland (2004) and Malley and Woitek (2009) . The main differences between this RBC model and the human capital model estimated above are that endogenous human capital accumulation is replaced by exogenous labor augmenting technical progress and the labor-education choice is replaced by the labor-leisure choice.
To aid the interpretation of the results which follow it is useful to be more specific about the differences between the particular endogenous growth and RBC models used here. For example, to obtain the Hansen (1985) model setup using the notation and structure applied above, requires the following changes: (i) re-define the time constraint in eq. (3) For ease of comparison, the estimates from the human capital model in Table 2 have also been included in Table 3 . Some of the main differences across models which may help to explain the FEDs and within sample fit tests which follow are: (i) both models have highly persistent A shocks with A RBC > A HC ; (ii) the inter-temporal elasticity of substitution of consumption is restricted to unity in the RBC case implying (1/σ) RBC > (1/σ) HC ; (iv) the externality parameter, (1 − θ) , is restricted to zero in the RBC case; and (v) the parameter distributions in the human capital model are generally much more accurately estimated than in the RBC model.
To obtain a quantitative impression of how the differences in the parameter estimates in Table 3 affect model outcomes, we next examine the impulse responses of the two models to a temporary 1-standard deviation A shock in Figure 5 below. These are reported as percent differences from the steady-state for 100 quarters.
The plots for the RBC model show the expected results. That is, on impact, increased TFP directly increases output by more than the value of the shock via a rise in the marginal products of capital and labor. These lead agents to work more and to invest and accumulate more capital. There are two competing forces at play with respect to the consumption reaction. The positive one or the income effect arising from the higher returns to working. And the negative one or the substitution effect associated with the fact that t+1 returns derived from investing in one unit of physical capital at time t have increased. Figure 5 shows that the income effect dominates. After the initial shock, all variables eventually return to their respective steady-states at a speed which depends on the size of ρ a in the TFP process. Consistent with the estimated values of ρ a , Figure 5 also illustrates that TFP is an extremely persistent trend stationary process in both models. In contrast to the RBC model, besides the fact that the output, consumption and capital responses for the human capital model are relatively lower, the striking difference is that the responses of investment and hours are both much flatter in the human capital model. In an attempt to understand which parameters are driving the differences in the impulse responses across models, we experimented with every common structural parameter including the standard deviation of the shock and found that the externality parameter plays, by far, the most dominant role. In other words, increasing θ to unity, ceteris paribus, produces impulse responses in the human capital model which are much closer to the RBC case. The results of this exercise, also presented in Figure 5 , suggest that in the absence of the human capital externality, more time is devoted to work, u t , implying less time to education, e t , and hence less human capital growth, γ t . The latter implies lower human capital accumulation, accordingly all of the per human capital quantities increase, i.e.ŷ t ,ĉ t ,î t andk t .
Forecast error decompostions: RBC vs human capital model
With the above quantitative differences between models in mind, we next turn to comparisons of the FEDs in Figures 7-10 . The first message from these figures is that the RBC model does much better than the human capital model at the shorter forecast horizons for all variables. However for horizons around 20 quarters to infinity the combined effects of the A and B shocks in the human capital model dominate the A shocks in the RBC model in the case of output. This pattern is repeated for consumption but only in the very long-run. Finally, the combined effect of the two shocks in the human capital model never explains more of the variation in investment and hours than the A shock in the RBC model. Our impulse response findings from above suggest that the last result can be largely explained by the inelastic response of investment and hours due to the presence of aggregate externalities. To further explore the potential reasons for the differences in the FEDs across models, we decompose the forecast-errors of the model into the proportions explained by innovations to the output, consumption and hours errors below. 
Within sample fit
The forecast error decompositions conducted above suggest that neither of work horse growth models uniformly dominates the other across all variables and forecast horizons. As another means of comparing these models, we next assess their relative abilities to explain the variation in the historical data. To this end we follow Chib and Jeliazkov (2001) 
The marginal likelihood is given by
where subscript j = HC, RBC, ψ HC,1 is the first parameter block (i.e. the de-trender), and ψ HC,2 contains the rest of the parameters.
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Based on eqs. (26) and (27) we obtain a value of 847.68 for the logmarginal difference between the human capital and RBC model suggesting that the former provides a far better within sample fit to the data. This result should not be too surprising in light of the numerical standard errors reported in Table 3 . (1) errors 
Forecast error decompostions of VAR
Setup
To achieve a more detailed understanding of the dynamic interactions between the variables in the VAR(1) error block and their relationship with the variables in the structural model block, consider the following generic reduced form VAR(1) model
To calculate impulse responses and forecast error decompositions requires that we solve for S in the following relation between the structural,˜ t , and reduced form,ẽ t , errors,ẽ
Technically, any square root ofΣ can be used sinceΣ = SS . Given that we have not restricted the VAR(1) coefficient matrix A nor the VAR(1) co-variance matrix Σ matrix in eqs. (18) (19) (20) to be diagonal, the measurement/specification error block can be seen as a reduced form VAR (1) as in eq. (28) . In contrast, the structure of the lower (2 × 2) block of the matrixT in eq. (19) and the variance-covariance matrix Q in eq. (20) ensures that the structural shocks, t = [ a t b t ] , are identified. Thus, to calculate the FEDs for our VAR(1) system we use a principal square root of Q (which, recall, also incorporates Σ).
Results
The FEDs for the VAR(1) errors of the human capital and RBC models are presented in the last three columns of Tables 4 and 5 respectively.
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The first two columns of Table 4 and the first column of Table 5 correspond with the median values for the two technology shocks presented in Figures 6-9 .
If we first concentrate on the variables not well explained by shocks to productivity in Table 4 (i.e. investment and hours) it appears that innovations to the consumption error, ν c , are the most important in explaining fluctuations in investment across all forecast horizons. These are as high as 69 percent contemporaneously and fall to 53 percent at infinity. Second, own innovations to the hours error, ν u , explain the vast preponderance of the variation in hours for all forecast horizons. For example these proportions never fall below 94 percent.
In contrast, Table 5 for the RBC model shows that the variation in investment is explained by shocks to output, ν y , instead of shocks to ν c . These proportions follow a hump-shaped pattern starting at 49 percent contemporaneously, peaking at 73 percent at 4 quarters and falling to 47 percent at infinity. Also in contrast to the human capital model, except for the contemporaneous period, own shocks to hours never dominate the remaining shocks. Instead the explanatory power rests with both output and consumption error shocks where former dominates the latter across all forecast horizons. The FEDs for the ν y shock start at 40 percent in quarter 1, peak at 55 percent in quarter 4 and fall to 49 percent at infinity. Whereas the FEDs for the ν c shock increase monotonically, starting at 22 percent in quarter 1 and peaking at 48 percent at infinity.
Thus the FEDs for the VAR(1) errors generally suggest that the explanatory power of the economic block in either model might be improved by adding varying degrees of cyclical structure to output, consumption and hours. In particular, it appears that the human capital model might most benefit from extra structure for consumption and work/education time.
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Whereas the RBC model's ability to better capture the dynamics in the data may be increased by adding more structure to consumption and output.
One way to achieve the above would be to ensure that the models' relevant equilibrium conditions take the form of second-order difference equations.
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Incorporating these allows for the possibility of cycles if complex conjugate roots are present. In the context of the roots of the characteristic equation, λ i = 0.5 a ± √ a 2 + 4b , of a generic second-order difference equation, z t+1 = az t +bz t−1 , the necessary condition for the presence of cycles is that a 2 + 4b < 0 which implies that b < 0.
Including higher-order equilibrium conditions, without fundamentally altering the structure of the models under consideration, is straightforward. For example, internal consumption habits, capital adjustment costs and labor/education adjustment costs could be added to the structural model. Anyone of these or some combination, depending on their data consistency and whether the condition for cycles is met, would likely have the desired effect of shifting explanatory power from the VAR(1) error block back to the model.
In contrast, if redistributing cyclicality back to the model block is not the objective, a popular alternative approach is to impose identifying restrictions on the VAR(1) errors at the estimation stage by assuming for example that the VAR(1) coefficient matrix A and its corresponding co-variance matrix Σ matrix in eqs. (18) (19) (20) are diagonal. 
Conclusions
This paper has attempted to contribute to the on-going empirical debate regarding the role of technology shocks in explaining aggregate fluctuations in the postwar U.S. data. To this end we have employed a sectoral decomposition of productivity shocks using a standard endogenous growth human capital setup with external effects and Bayesian estimation methods. We have also compared the results from the human capital model with a similarly estimated RBC model. These have led to the following key findings: (i) in the two-sector model, TFP shocks explain a greater share of output and consumption variation at shorter-forecast horizons whereas human capital productivity innovations dominate at longer ones; (ii) the combined explanatory power of the two technology shocks in the human capital model is greater than the Hicksneutral shock in the RBC model in the medium-and long-term for output and consumption; (iii) the two-sector model provides a significantly better overall fit to the historical data; however (iv) the RBC model outperforms the human capital model with respect to explaining the observed variation in investment and hours.
Application of the hybrid approach to estimation has also suggested that, short of a fundamental re-specification of the model setup, the explanatory power of the two workhorse growth models might be improved by adding more cyclical structure to determinants of consumption and work/education time in the human capital model and consumption and output in the RBC model. In future work we intend to pursue these extensions and to test these against alternatives which rely on imposing identifying restrictions on the VAR component of the model.
With the last step of the filter, we obtain a T and P T , and a realization α T can be generated from α T |Y 1,...,T ∼ N (a T , P T ).
To obtain α T −1 |α T , Y 1,...,T −1 , note that the expected value of α T −1 conditional on the observations y 1 , . . . , y T −1 is given by 
derived in the updating step of the filter. The expected value of α T conditional on y 1 , . . . , y T −1 comes from the prediction step of the filter:
Therefore,
The expected value of α T −1 conditional on α T is
and for the conditional covariance matrix we get
In general, α t |α t+1 , Y 1,...,t can be generated from
27 For the following, see Harvey (1992, p. 154) and Hamilton (1994, p. 394-397) .
